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Figure1: Anexampleof outputfromour system:texture-mappedhand-drawncartoonenhancedby3D-likeeffects.

Abstract

We presenta novel and practical texture mappingalgorithm for
hand-drawn cartoonsthatallows theproductionof visually rich an-
imationswith minimal usereffort. Unlike previoustechniques,our
approachworksentirelyin the2D domainanddoesnot requirethe
knowledgeor creationof a 3D proxy model. Inspiredby the fact
thatthehumanvisualsystemtendsto focusonthemostsalientfea-
turesof ascene,whichweobserve for hand-drawn cartoonsarethe
contoursratherthanthe interior of regions,we cancreatethe illu-
sionof temporallycoherentanimationusingonly rough2D image
registration.This key observationallows usto designa simpleyet
effective algorithmthat signi�cantly reducesthe amountof man-
ual labor requiredto addvisually complex detail to an animation,
thusenablingef�cient cartoontexturing for computer-assistedan-
imation productionpipelines.We demonstrateour techniqueon a
variety of input animationsas well as provide examplesof post-
processingoperationsthat canbe appliedto simulate3D-like ef-
fectsentirelyin the2D domain.

CR Categories: I.3.7 [ComputerGraphics]:Three-Dimensional
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I.4.3 [Image Processingand ComputerVision]: Enhancement—
Registration;J.5[ComputerApplications]:Arts andHumanities—
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1 Intr oduction

Texturemappingis aclassicComputerGraphicstechniquefor ef�-
ciently addingdetailandrichnessto 3D modelswithout increasing
thegeometriccomplexity. In contrast,traditional2D animationre-
quiresany textureto behand-drawn by artistsin everysingleframe
of theanimation(seeFig. 2), resultingin avery labor-intensiveand
often tedioustask. It thusseemsnaturalto borrow the conceptof
texture mappingof 3D modelsandapply it to 2D cartoonanima-
tions.

Figure2: Examplesof cartoonimageswith hand-drawntextures.

Unfortunately, therearetwo key obstaclesinherentin cartoonan-
imationsthat prevent the direct applicationof texture mappingto
this domain.First, in orderto texturemapananimatedobject,cor-
respondencesmustbeestablishedbetweenobjectpointsacrossall
framesof the animation. This correspondenceensuresthat each
sampleof a texture is consistentlymappedto thesamesurfacelo-
cationthroughtime. This requirementis trivial for a 3D animation
due to the fact that the textured object in eachframe is a single
model that hasbeendeformedand/ortransformedand maintains
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Figure 3: Visual saliencyof the textures. Thetop row containsexamplecartoontexture and contoursamples.Thebottomrow visualizes
saliencymapsautomaticallypredictedusinga bottom-upmodelof humanvisualattention. (a, b, c) Examplesof texturessupportedby the
proposedtechnique. (d) A texture with strong featuresthat exhibits relativelyhigh visual saliencyand therefore lesssuitableinput for our
technique. (e, f, g, h) Cartooncontours are visually much more salientthan textures,and thusef�ciently maskpossibleinconsistenciesin
texture registration.

the sametopology. In traditional cartoonanimation,an object is
drawn eachframeby handandthereforelacksany explicit geom-
etry or structurethat would allow texture mappingto be usedin
the sameway. For this reason,correspondencesmustbe de�ned
explicitly. Unfortunately, it is oftenthecasethata one-to-onecor-
respondencebetweenall pointsof all framesdoesnot exist. This
occurs,for example,whenpartsof thecartoonbecomeoccludedor
revealedin differentframes,resultingin topologicalchangesin the
drawing.

The secondissueis that in cartoons,even if correspondencesare
known, thedif�cult inverseproblemof recoveringa3D modelfrom
its artistic projectionneedsto be solved in order to useexisting
texture mappingalgorithms. Thesetwo key obstaclesprevent the
widespreadusageof texturemappingin traditionalcartoonanima-
tion. This limits artiststo useonly simpletechniquessuchasho-
mogeneouscolors,�at andstaticnoisetextures,or tediousmanual
drawing andpaintingof detailsfor every frame.

To tackle theseproblems,previous methods[Corr̂ea et al. 1998;
Ono et al. 2004; Chenet al. 2005] have focusedon user-assisted
texturing of cartoonsbasedon an underlying3D modelwhich is
eitherprovided by the useror derived semi-automatically. These
approachesrequiresigni�cant user-interventionandonly supporta
narrow classof input shapes.We introducea new techniquefor
texturing cartoonsthat is easyto use,requiresminimal usereffort,
andis applicablein a moregeneralcontext thanexisting methods
basedon3D proxies.

Our work is inspiredby techniquesfor lossy video compression
that leveragevisual masking[LeungandTaubman2009]. These
approachesexploit the fact that the humanvisual system(HVS)
tendsto focuson visually salient regions,while devoting signi�-
cantly lessattentionto other, lessvisually important,areasof the
scene[Yarbus1967; Itti 2000]. Our key observation is that for 2D
animation,thesalientfeaturesarethestrokecontours,thestructure
andmotion of which the HVS spendsmostof its time observing.
Texturesusedin cartoonsaretypically lesssalientandthusattract
considerablyless attention[Walther and Koch 2006; Guo et al.
2008] (seeFig. 3). This fact motivatedus to producethe illusion
of temporalcoherenceusingonly roughimageregistration. Such
anapproximationcanbeeasilycomputedby workingdirectlywith
the 2D cartoonswithout the needfor a corresponding3D model.
This greatly simpli�es the taskof texturing a hand-drawn anima-
tion while still producingvisually compellingresults.

2 Related work

Previous approachesto cartoontexturing rely on the existenceof
a 3D proxy. Corrêaet al. [1998] proposea solutionthat requires

theuserto providea3D modelthatapproximatesthegeometryde-
pictedin the2D drawing. In addition, theusermustmanuallyspec-
ify the correspondencebetweenthe modeland the drawing. The
modelis deformedin eachframe,suchthat its projectionmatches
thedrawing. Thetexturecoordinatesarethentransferredfrom the
3D modelto the drawing. Although this method works nicely on
simpleshapes,it is not applicableto morecomplicatedcartoons,
suchasthoseshown in Fig. 1, for which thecreationof a3D proxy
modelandspeci�cationof correspondenceswould be a time con-
sumingtask.

Ono et al. [2004] andlater Chenet al. [2005] attemptto mitigate
theseproblemsby automatingthe creationof the 3D model us-
ing a sketch-basedmodelingtool similar to Teddy[Igarashiet al.
1999]. This tool allows theuserto quickly create3D proxymeshes
with consistenttriangulationsby in�ating a blobby surfacewhose
boundarypointslie on thecartoon'ssilhouette.However, this tech-
nique is applicableonly to a limited setof cartoonswhoseshape
canbeapproximatedby in�ation. Furthermore,extensive userin-
terventionis still necessaryin orderto specifyfeaturestrokesand
their correspondences.

Recently, Winnem̈oller et al. [2009] proposeda texturedesignand
draping framework which utilizes diffusion curves [Orzan et al.
2008] andparallaxmapping[Kaneko et al. 2001] to producetex-
turedhand-drawn imageswith 3D-like shadingandtexture round-
ing effects. Although for static imagesthis approachcanprovide
visuallycomparableresultsto oursit is notsuitablefor hand-drawn
cartoonanimationsas it requiresextensive manual intervention
whenspecifyingdiffusion curvesandsuffers from texture sliding
artifactscausedby parallaxmapping.

Ourprimarygoalis toaddvisualrichnesstosequencesof linedraw-
ings.Thisis similarin concepttonon-photorealisticrenderingtech-
niquesfor stylization, suchas: coherentdynamiccanvas [Cunzi
et al. 2003], solid textures[Bénardet al. 2009], dynamic2D pat-
terns[Breslav etal. 2007] andnoiseprimitives[Bénardetal. 2010].
However, theseapplicationsassumethat the correspondencesare
known andthustheregistrationcomputationis not required.

2.1 Image registration

A principalaspectof ouralgorithmis theextractionof densecorre-
spondencesbetweenhand-madedrawings. Therehasbeena large
bodyof researchon imageregistrationin recentyears(see[Zitová
and Flusser 2003] for a review). However, most of thesetech-
niquesare not suitablefor our task since they model the differ-
encesbetween imagesbasedon phenomenacommonin realworld
photographs,suchaslocalconsistency, projectivedistortioncaused
by cameramotion, and subtleelasticdeformations.Hand-drawn
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Figure 4: Automaticpaintingusing LazyBrush:(a) original drawingF1 with color scribbles S1 , (b) segmentationR1 of F1 usingscribbles
S1 , (c) painteddrawing (F1 + R1), (d) initial overlap of the source F1 with scribblesS1 and the target frameF2 , (e) registration of the
sourceframeF1 with thetarget frameF2 , andtransferof scribblesS1 usingas-rigid-as-possibledeformation�e ld W12 , (f) painteddrawing
(F2 + R2) usingtransferredscribblesW12 (S1).

cartoons,on the otherhand,exhibit very differentproperties.For
example, they may contain large, non-realisticdeformationsand
abruptstructuralchanges.Thus,wefocusprimarily onrelatedwork
targetedfor cartoondrawings.

Early approachesto cartoonregistrationweremotivatedby theap-
plication of “auto-painting”: transferringcolor information from
paintedexemplarsto yet unpainteddrawings. Many of thesetech-
niquessegment the input image into a few separateregions and
useshapesimilarity [Madeiraet al. 1996], topology[Sýkoraet al.
2005], stroke semantics[Kort 2002], hierarchies[Qiu et al. 2005],
or skeletons[Qiu etal. 2008] to estimatecorrespondencesbetween
different regions. However, thesetechniquesdo not provide the
densecorrespondencesneededfor our approachsincethey areun-
necessaryfor theauto-paintingproblem.

Anotherapplicationfor cartoonregistrationis cartoonmotioncap-
ture,introducedby Bregler et al. [2002]. In this work, they extract
a part of a cartoon,analyzeits deformationasa non-linearfunc-
tion of a few chosenkey frames,andthentransferthisdeformation
to a differentshape.Registrationis requiredto track theextracted
partacrossframes.However, becauseonly thecontouris tracked,
no denseregistrationcanbe extractedfrom this process.This ap-
proachhasbeenrecentlyextendedby Jainet al. [2009; 2010] who
directlyusehand-drawn skeletonsto transferartisticmotionfrom a
cartoondrawing to athree-dimensionalshape.Al thoughthesetech-
niquesmight behelpful for improving a cartoontexturing scheme
basedon3D modelssuchas[Corr̂eaetal. 1998], they areagainnot
suitablefor our task.

Shapecontexts [Belongieet al. 2002], which have beenprimarily
usedfor theregistrationof photographs,haverecentlybeenadopted
for cartoondrawings. Zhanget al. [2009] applyshapecontexts for
coherentvectorizationof hand-paintedcartoonanimation,whereas
Xu et al. [2008], in anapplicationwhich is closerin spirit to ours,
useshapecontextsfor creatingcompellinganimalmotionfrom sev-
eralposesextractedfrom asinglephotograph.Unfortunatelyshape
contexts suffer from over-�tting, andthuscaneasilyintroduceun-
naturaldistortionwhenocclusionsor topologicalchangesoccur.

Themostsuitabletechniquesfor our applicationarethosethatat-
temptto establishadensedeformation�eld betweenimages.It has
beenshown thatevena simpleaf�ne modelcanproducea reason-
ableapproximation[Xie 1995]. De JuanandBodenheimer[2006]
usea more �e xible free-form deformationmodel in their frame-
work for segmentationand inbetweening. However, they usean
elasticity-basedmodel[Wirtz et al. 2004], which requiresmanual
initializationandparametertuningto avoid over-�tting.

Temporallycoherentpainterlyrenderingsin thestylesof oil [Hays
and Essa2004] and watercolor[Bousseauet al. 2007] paintings

alsorequiredensecorrespondences.However, suchmethodsusea
simpleoptical �o w estimation suitablefor temporallysmoothim-
agesequencessuchas live-actionvideos,but not for hand-drawn
cartoonanimationswherethe motion tendsto be morerapid and
concentratedin areaswith outlines. Becausethe optical �o w al-
gorithm relies on tracking features,the absenceof texture inside
thehomogeneousregionsof a drawing would posea considerable
challenge.

In summary, mostexisting registrationtechniqueseithertargetcar-
toonimagesbut computeonly sparsecorrespondences,createdense
correspondencesbut are only suited to real-world photographs,
or are proneto over-�tting. Our framework insteadbuilds upon
the recent image registration algorithm proposedby Sýkora et
al. [2009a], which is well suitedfor cartoons,providesdensecorre-
spondences,andrelieson the robust as-rigid-as-possibledeforma-
tion modelproposedby Alexaetal. [2000].

3 Toon texturing

Our main goal is to generatean animationof “rendered”cartoons
from asetof unpaintedhand-drawn frames.The“geometry”of the
cartoonis given by the hand-drawn strokes,whereasthe “appear-
ance”– colors, texture andlighting effects– areaddedautomati-
cally duringthe“rendering”process.

Theinput to oursystemis scannedhand-paintedanimationframes,
hencethe �rst stepin our “rendering” pipelineis to assigncolors
to differentpartsof thecartoon.To do thatwe usetheLazyBrush
algorithm[Sýkora et al. 2009b] which allows an artist to quickly
specifydesiredregionsusinga smallnumberof color “scribbles”.
SeeFig. 4a-cfor anexampleof scribble-basedpainting.

Next, we need to make sure the painting is temporally coher-
ent acrossall animationframes. This is the well-known “auto-
painting” scenario. To avoid specifying the scribblesrepeatedly
for all frames,we useas-rigid-as-possible (ARAP) imageregistra-
tion [Sýkora et al. 2009a]. This methodallows us to register the
�rst frame to the following frame, transferthe color “scribbles”,
and�nally usetheLazyBrushalgorithmto obtainthesegmentation.
SeeFig. 4d-f for an exampleof color transfer. As the LazyBrush
algorithmis robustto imprecisepositioningof scribbles,smallmis-
matchesin theregistrationareallowed.However, for sceneswhere
detailedpaintingis required(e.g.,many smallregionswith different
colors),theusermayneedto specifyadditionalcorrectionscribbles
to keepthesegmentationconsistent.

A simple solution to the texturing problemwould be to follow a
similar route,whereinsteadof specifyinga singlecolor valueper
region, theuserwould specifya texture. In this case,insteadof all
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Figure5: Domainoverlapandtexturetransfer:(a) segmentationR1 deformedbyW12 , (b)domainoverlapvisualisedbysymmetricdifference
of deformedsegmentationR1 andR2 , (c) segmentationR2 , (d) sourceframeF1 with texturedregionsr t 2 R1 mappedusinginitial texture
coordinatesT1 , (e) textured regionsr t 2 R1 mappedby deformedtexture coordinatesW12 (T1), (f) target frameF2 with textured regions
r t 2 R2 mappedusingdeformedandextrapolatedtexturescoordinatesT2 ,

pixel valueshaving the samecolor, the pixel valuewill be taken
from a prede�ned texture. Since the drawing is two dimensional,
wecanusetheidentityasthetexturecoordinatesfor the�rst frame.
However, for the texture to avoid the well-known “shower door”
effect, thetexturecoordinatescannotbetheidentityfor all frames:
the texture coordinatesof a point on any frameshouldmatchthe
coordinatesof its correspondingpoint in the original frame. Our
goal is to deformthe textured region from the original frame to
matchits correspondingregionsin subsequentframes.

To further complicatematters,not every point in a given frame
hascorrespondingpointsin all otherframesdueto occlusionsand
changesof orientation.Fig. 5b shows thesymmetricdifferencebe-
tweenthedeformedregionsof thesourceframeandthecorrespond-
ing regionsof thetargetframe.Noticein particularthedifferences
betweenthe deformedregionsof the jacket andhair. Specifying
the texture coordinatesin the �rst frame is in fact not enoughto
generatetexture coordinatesfor all other frames. Hence,we opt
for thesimpleapproachof extrapolatingtheunknown datafrom the
known. Giventhetexturecoordinateswhichweknow (asthey were
transferredfrom thesourceframe),weextrapolatethemto compute
thetexturecoordinatesin theregionswhichdonotoverlapwith the
transferredregions.

3.1 Algorithm

Our “rendering”pipelineis summarizedin Figs.4 and5. For ren-
deringa singleframeF1 , we needits color scribblesS1 (Fig. 4a),
its segmentationinto regions R1 (Fig. 4b), and the texture co-
ordinatesfor the textured regions T1 for every textured region
r t 2 R1 (Fig. 5d).

ThescribblesS1 of thestartingframeF1 aresuppliedby theuser,
andthetexturecoordinatesT1 aretheidentity. Giventhis informa-
tion, theframewill becoloredandtexturedasfollows: by applying
LazyBrush[Sýkoraetal. 2009b], everycolorscribblesi 2 S1 pro-
ducesa region r i 2 R1 , assigningit eithera homogeneouscolor c,
or a texturet. Thetexturedregion r t is paintedby picking thecol-
ors from a prede�nedtexture, usingthe given texture coordinates
T1 .

To renderthetargetframeF2 , giventheadditionalinformationfrom
the sourceframeF1 we proceedasfollows. First, we registerthe
framesusing[Sýkoraetal. 2009a], asshown in Fig.4d-e.Thispro-
ducesthedeformationmapW12 , which assignsevery pixel in R1

to a pixel locationin the frameF2 . Next, we useW12 to mapthe
scribblesS1 to S2 andgeneratea segmentationof thetarget frame
R2 usingLazyBrushasshown in Fig. 5c. Finally, Fig. 5e, we use
W12 again, this time to deformthetexturecoordinatesT1 of all the
texturedregions.However, asdiscussedpreviously, thereis a mis-

matchbetweentheimageof W12 (R1), andits matchingsegmented
regionsR2 (seeFig. 5b). We thereforeextrapolatethecoordinates
W12 (T1) for theregion wherethey arenot known, resultingin the
new texture coordinatesT2 . Now that all the information for the
new frame is available to us, we can color and texture it as dis-
cussedbefore(Fig. 5f).

3.2 Implementation details

In this sectionwe describetechnicaldetails of ARAP registration
andtexturecoordinatetransferandextrapolation.

ARAP Registration. The registrationstep is an importantpart
of our pipeline, as its output drives the rest of the components.
In general,we follow the original ARAP imageregistration algo-
rithm [Sýkora et al. 2009a], generatinga denseuniform sampling
of the sourceframe, and deforming it in an as-rigid-as-possible
mannerso that the featurelines align with the target frame. To
improve its robustnesswe computea distance�eld from feature
lines [Borgefors1986] anddo the registrationof the textured re-
gionsseparatelywhich helpsto improve theaccuracy whentopol-
ogychangesandocclusionsoccur.

Although in mostcasesthe automaticregistrationyields goodre-
sults,sometimesa quick userinteractioncanimprove theaccuracy
considerably. Thus, we allow the userto pin and drag-and-drop
several control pointsduring the automaticregistrationprocessto
guidethealgorithmtowardsabetterresult.Thesecontrolpointsare
easilyincorporatedinto theARAP deformationschemeby setting
high weightsfor themduring theoptimizationprocess,effectively
causingthemto behaveassoft or hardpositionalconstraints.

UV Transfer and Extrapolation. Thegoal in this stepis to gen-
eratetexturecoordinatesfor all of thepointsinsidethetexturedre-
gions.For that,we requiretheinversemappingof all pointsin our
currentframebackto the�rst frame.However, asmentionedprevi-
ously, thedeformationmapW12 is not onto,hencetherearepoints
in thecurrentframefor which we do not have an inversemap. To
solve this issue,we �rst transferthetexturecoordinatesto thecur-
rent frameusingW12 . Then,for eachremainingun-mappedpoint
in a textured region r t 2 R2 , we computeits texture coordinate
value as a linear combination of existing values,using the thin-
plate spline interpolation[Bookstein1989]. To avoid distortions
causedby usingEuclideandistances,anapproximationof geodesic
distancescanbeused[ZhuandGortler2007] for whichseveralfast
algorithmsexist [Yatziv andSapiro2006].
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Figure6: 3D-likeeffects:(a) depth mapwith Dirichlet (red)& Neumann(blue)boundaryconditions,with initial texturemapping, (b) shad-
ing, (c) simulationof ambientocclusion,(d) shadingwith ambientocclusion,(e) texture mappingusing �at UV coordinates, (f) texture
roundingbasedonshading, (g) texture roundingwith ambientocclusion,(h) texture roundingwith shading& ambientocclusion.

3.3 Extensions

Thepresentedframework meshesnicely with existing schemesfor
addingrichnessto cartoondrawings,andallows for additionalex-
tensionsandimprovements.First, the initial textureneednot bea
�at one.In fact,aswearebasingourframework onanimagedefor-
mationmachinery, it is easyto allow theuserto deformthe initial
texture coordinates.Other variationsin color, suchas gradients,
canbeincorporated.A color gradientcanbede�ned usingcontrol
pointswhich arethentransferredusingthedeformation�eld W12 .
In additionto specifyingthecolor scribbleson the �rst frame,the
usermay alsospecifya setof depth(in)equalities(seegreenand
blue arrows in Fig. 10a), which aretransformedinto a depthmap
of the image,usingthe algorithmfrom [Sýkora et al. 2010]. The
resultingdepthmap canbe usedfor improving the registrationby
avoidinglayeringproblemsandtopologyvariations.Thedepthval-
uescanbeeasilytransferredto theotherframesalongwith thecolor
scribbles,sothatthey canbefurtherutilized for enhancingthetex-
turewith 3D-likeeffects,asdiscussedin thefollowing section.

4 3D-like effects

In this sectionwe describepost-processingoperationsthat allow
artiststo simulate3D-like effects entirely in the 2D domain,by-
passingtheneedto reconstructandrendera 3D object(seeFig. 7).
We �rst presenta new formulation of the popular Lumo tech-
nique[Johnston2002] usingthe depthmapgeneratedby [Sýkora
et al. 2010] (Fig. 6b) andthenshow how to exploit suchshadingto
simulatetexturerounding(Fig. 6f). In addition,we simulateambi-
entocclusioneffects,asdescribedin [Sýkoraetal.2010] toenhance
theperceptionof depthin theimage(seeFigs.6c and7d).

4.1 Shading

The original Lumo algorithm [Johnston2002] approximatesthe
normal�eld insidea region using the2D normalscomputedon its
boundaries.Onthesilhouetteof anobjectthenormalcomponentin
theviewing direction (thez-axisin ourcase)is 0, hencethenormal
is completelyspeci�ed by its x andy components.Furthermore,
the gradientof the imageintensity is orthogonalto the silhouette,
giving exactly therequirednormalcomponents.

This simple work�o w holds when the target shapecontainsonly
silhouettepixels. For interior strokes,depthdiscontinuitiesshould
betakeninto accountto produceconvincingresults.To addressthis
issueJohnstonutilized a manuallypaintedover-underassignment
mapwhich is dif�cult to createandmakestheoverallprocesstime-
consuming.Recently, Sýkora et al. [2010] notedthat sucha map
canbegeneratedautomaticallyfrom adepthmapproducedby their
algorithm. In this paperwe presenta new formulation of Lumo
whichcompletelyavoidsthisadditionalstepandproducesthe�nal
normal�eld in onestep.

Ournew solutionis basedonahomogeneousLaplaceequationwith
speci�c boundaryconditionsde�ned at depthdiscontinuitiespro-
vided by [Sýkora et al. 2010] (seeFig. 6a). For a given pixel, if
it is on theboundaryof a domain, its depthvalueis differentthan
its neighbors.If the depthvalue is larger (Fig. 6a, red curves), it
meansthepixel lieson thesilhouetteof theobject,andthegradient
of thedepthmapshouldbeusedasthelocalcomponentsof thenor-
mal. If, on theotherhand,thedepthvalueis smaller(Fig. 6a,blue
curve), thenthe pixel lies nearthe borderof an occludingobject,
andnothingcanbesaidaboutthevaluesof thenormalsin thatarea,
exceptthatthey shouldbecontinuous.

Hence,wecan�nd thenormalcomponentsby solvingthehomoge-
neousLaplaceequation:

r 2 f = 0 (1)

where f is either the x or y componentof the normal vector n
andthe Laplaceoperatorr 2 is representedby a sparsematrix L :
L ij = wij for all pixels j in the4-connectedneighborhoodN i of
pixel i , andL ii = �

P
j 2N i

wij , with wij = 1. As discussedin
Section4.1, theboundaryconditionsaregivenby thedepthmapd
(seeFig. 6a):

Dirichlet: f p = d0
pq ( ) dp > dq

Neumann: f 0
pq = 0 ( ) dp < dq

(2)

whereq is a neighboringpixel to p, d0
pq is the derivative of the

depthmapat pixel p in thedirectionpq andf 0
pq is thederivative of

thenormalcomponent(nx or ny ). This leadsto a sparsesystemof
linearequationswith two differentright handsides(nx andny ) for
whicha fastGPU-basedsolverexists[Jeschkeetal. 2009].
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Figure 7: Addingvisualrichnessto a hand-drawncartoon: (a) original line drawing, (b) paintedwith homogenouscolors, (c) paintedwith
textures,(d) addedtexture rounding, shading& simulationof ambientocclusion.

Given the nx andny components,we canestimatenz using the
sphereequation:

nz =
q

1 � n2
x � n2

y (3)

The computednormalvaluescanbe directly usedto approximate
theshadingof a Lambertiansurfacewith normals~n, which is illu-
minatedin the directionof the z-axis. More complicatedlighting
scenarioscanbesimulatedusinguser-speci�edenvironmentmaps,
asin [Johnston2002].

4.2 Texture rounding

We canfurther utilize the valuesof nz , by reinterpretingthemas
a height-functionh to simulateanother3D effect – texture round-
ing. When texture mappingis appliedto a 3D surface, the cur-
vatureof thesurfacegeneratesanareadistortion, effectively caus-
ing the texture in curved areasto scale(Fig. 6f). Parallax map-
ping [Kaneko et al. 2001] is onetechniquefor simulatingthis ef-
fect [Winnem̈oller et al. 2009]. However, parallaxmappingdoes
not preserve theoriginal UV coordinatesat region boundariesand
thereforeproducesnoticeabletexture sliding and can easily ex-
posehidden“over-distorted”partsof thetexturebeyondtheregion
boundaries(seeFig. 8).

Figure 8: Parallax mappingfailure: resultingtexture coordinates
arenotpreservedat regionboundariesanddependontheeyeposi-
tion (reddots).Thiscancausenoticeabletexturesliding.

To avoid thisartifactweproposeanew approachthatdirectlycom-
putestexture coordinateson a virtual 3D surfacerepresentedasa
heightfunctionS = (x; y; h(x; y)) (seeFig. 9).

This canbe doneby mappingthe boundaryof the surfaceto the
plane,and then solving a Laplaceequationr 2

LB f = 0 for the
interior values, wherer 2

LB is the Laplace-Beltramioperator. For
a surfacegiven as a height function, this operatoris given by a
matrix with a similar structureto L usedin the previous section,
but whoseweightswij aredifferent,sincewe arenow measuring
distanceson thesurfaceS, andnot on theplane.However, thereis

no needto actuallyconstructand�atten the3D surfaceS. Instead,
this procedurecanbe seenassolving an inhomogeneousLaplace
equationon theplane:

r 2
w f = 0 (4)

wherewearesimulatingthemetricof acurvedsurfaceby manipu-
lating theweightsof theLaplacianmatrix. Theoperatorr 2

w is the
sameastheLaplace-Beltramioperatorr 2

LB of S, andwe take

wij =
1

p
1 + (hi � hj )2

(5)

which is the inverseof the lengthof the edgeconnectingthe two
neighboringverticesi andj on S. This yieldsanotherlargesparse
systemof linear equations,now with an irregular matrix andtwo
differentright handsides.It canbeef�ciently solvedusingadirect
solversuchasPARDISO[SchenkandGärtner2004]. Interestingly,
theinhomogeneousLaplaceequationhasbeenusedin texturemap-
ping applicationssuchas[Yoshizawa et al. 2004] and[Zayeret al.
2005] to removedistortion.

S(x; h(x))

f

Figure 9: Texture rounding(1D example):�at texture coordinates
andtargetsurfaceS = (x; h(x)) proportionalto nz (left), linearly
interpolatedtexture coordinateson S and their projectionback to
�at domainf (right).

SolvingEquation(4) usingDirichlet boundaryconditionsgivenby
theboundaryof thedomainyields texturecoordinatesfor the(vir-
tual)surfaceS. Thesearein factamapfrom theplaneto theplane,
taking a point (x; y) to the texture coordinatesof (x; y; h(x; y)) .
By composingthis mapwith the texture coordinatesgeneratedin
theprevioussection(Fig. 6e), we canaddtherequiredtexturedis-
tortion (Fig. 6f). Finally, we combinethe texture distortionwith
shadingand simulation of ambientocclusion (Fig. 6d, g, h), to
achievea rich 3D-likeeffect (Fig. 7d).

5 Results

Theproposedalgorithmhasbeenimplementedasapartof aprofes-
sionalcartoonproductionpipelineandtestedby artistson several
animationsequences.



A typical work�o w preferredby theartistsis to paint thesequence
�rst, thenapplydepth(in)equalitiesand�nally dothetexturetrans-
fer as a post-process.This helpsthe artistsconcentrateon simi-
lar tasks: ascomparedto paintingwheredetailedcorrectionsare
sometimesnecessary, texturing is muchcloserto anautomaticpro-
cessanddoesnot requiremuchinteraction.Nevertheless,theuser
inspectionandoccasionalinteractionis still bene�cialasit cancon-
siderablyimprove the quality of the result, especiallywhen the
structureof thetargetandsourceframesdifferssigni�cantly.

Several examplesof texture-mappedcartoons,including 3D-like
effectsarepresentedin Fig. 10. As canbe seenin Fig. 10a, the
majority of userinteractionis devotedto scribblingandspeci�ca-
tion of depth(in)equalities.Oncethis taskis completed,thetexture
transferbecomesaquickoperation(Fig. 10b). Notethatevenif the
registrationis notaccurate,theextrapolationof theUV coordinates
keepstheresultvisually consistent(Fig. 10c, d).

To evaluate our method, we conductedan informal study and
showed several textured sequencesto numerousuninformedpar-
ticipants(20+) of varying age,sex andbackground.For textures
with highly salientstructure,someof theparticipantsreportedreg-
istration artifacts,however when lesssalient textureswere used,
subjectsdid not notice any inaccuraciesin the registration. This
implies that our techniquewill performwell in the commoncase
sinceartistsdepictthevisually importantstructurevia contoursand
uselesssalienttexturesto adddetailto interior regions.

6 Limitations and Future work

Although the proposedmethodproducesconvincing results on a
variety of cartoonsequences,therearea few limitations we plan
to addressin futurework: (1) Largemovementsout of thecamera
planecanbechallengingto simulateusingourapproach.However,
in practicethis limitation is not asseriousasit may seem.When
thereis somestructureontherotating“surface”(e.g.,thebeltonthe
walkingboy's jacket in Fig. 10), thealgorithmhasapropermotion
guide and the resultingARAP deformationand texture rounding
effect produceconvincing results. This nicely correspondsto the
observation madeby Breslav et al. [2007] that only approximate
3D coherenceis necessaryfor displaying2D dynamicpatternsona
rotating3D object.In thecasewherethereis nostructure,thealgo-
rithm mayfail, however theusercanalwaysmanipulatetheARAP
deformationduringtheregistrationto simulatethiseffectmanually.
(2) Simulationof ambientocclusionmight requiredetaileddepth
maps,which aresomewhattediousto specify. We planto incorpo-
ratetheanalysisof junctionsto reducetheamountof requireduser
editing. (3) 3D-like shadingtendsto producetemporal�ick ering
whena partof thecharacteris occluded.We plan to formulatean
optimizationframework to overcomethis. (4) As shown in Fig. 3,
not all textures aresuitableinput for our approach.We planto use
saliency mapsgeneratedfrom amodelof theHVS (suchasthetech-
nique[WaltherandKoch2006] usedto generatethemapsin Fig. 3
or [Guoetal. 2008]) asaperceptuallymotivatedmetricto estimate
textureeligibility automatically.

7 Conc lusions

We have presenteda new approachto texture mappingof hand-
drawn cartoonanimationsrequiringconsiderablylessmanualwork
comparedto previous techniques.By exploiting the lower sensi-
tivity of the humanvisual systemto motion inconsistency in less
salienttexturedareas,we have shown thatevena simple2D image
registrationalgorithmcanproduceconvincing results,avoiding the
creationof proxy 3D modelsandspeci�cationof 2D-to-3Dcorre-
spondences.We believe our novel approachcould motivateother

researchersandartiststo furtherdevelopthis emerging visualstyle
to becomea standardin theworld of computerassistedtraditional
animation.
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a b c d

Figure10: Results:(a) sourceframewith user-de�nedcolor/texturescribblesanddepth(in)equalities,(b) roughtexturetransferto thetarget
frame, (c, d) texturedsource& target frameenhancedusinga combinationof selected3D-likeeffects.


